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The Yellow River DeltaCoastal wetland ecosystems are among the most productive yet highly threatened systems in the world, and
population growth and increasing economic development have resulted to extremely rapid degradation and
loss of coastal wetlands. Spaceborne differential Interferometry SAR has proven a remarkable potential in wetland
applications, including water level monitoring in high spatial resolution. However, due to the absence of ground
observations for calibration and validation, long term monitoring of water depth, which is essential to evaluate
ecosystem health of wetlands, is difﬁcult to be estimated from spaceborne InSAR data.We present a new differen-
tial synthetic aperture radarmethod for temporal evolution ofwater depth inwetlands. The presented technique is
based on distributed scatter interferogram technique in order to provide a spatially dense hydrological observation
for coastal wetlands, which are characterized by high temporal decorrelation. This method adapts a strategy by
forming optimum interferogramnetwork to get a balance betweenmaximum interferometric information preser-
vation and computational cost reduction, and implements spatial adaptive ﬁltering to reduce noise and enhance
fringe visibility on distributed scatterers. Reﬁned InSAR observation is tied to absolute reference frame to generate
long term high resolution water level time-series using stage data. We transform water level time-series to
long term observation of water depth with assistance of a dense measurement network of water depth. We
presentwater depth time-series obtained using the data acquired from2007 to 2010 by the ALOS satellite,which
supplied signiﬁcant information to evaluate ecological performance of wetland restoration in the Yellow River
Delta.
© 2015 Elsevier Inc. All rights reserved.1. Introduction
Wetland provides a productive ecosystemand favorable habitat for a
wide variety of plant and animal species, and is among themost produc-
tive ecological systems in the world (Costanza, Kubiszewski, Roman, &
Sutton, 2011). In recent years,much attention has been directed toward
the formulation and operation of sustainablemanagement strategies for
wetlands (Turner et al., 2000). Despite the increasing recognition of the
need to conserve wetlands, extremely rapid degradation and the loss of
wetlands still continued because of population growth and increasing
economic development (Millennium Ecosystem Assessment, 2005). A
key approach for ensuring the future of wetlands and their services is
to maintain the normal processes more or less determined by the inter-
actions among wetland hydrology and geomorphology, saturated soil
and vegetation (An et al., 2007).Remote sensing approaches reveal a great potential to investigate
temporal evolution of vegetation patterns (Taramelli et al., 2010), severe
land subsidence (Higgins et al., 2013; Liu & Huang, 2013; Taramelli et al.,
2014), devastating pollution induced by oil industry (Kuenzer, van
Beijma, Gessner, &Dech, 2014b), andupstreamwater diversion threaten-
ing water supply in coastal areas (Bharati, et al., 2008). Existing airborne
and spacebornemethods have also been used tomeasure components of
surface water hydraulics to guide water management practices (Alsdorf,
Rodriguez, & Lettenmaier, 2007). Radar altimeters have been accepted as
successful tools for measuring the elevation of the ocean surface. How-
ever, radar altimetersmight not be so hydrologically useful formeasuring
the elevation of freshwater surface because they always miss too many
freshwater bodies due to their orbital spacings (Frappart, Calmant,
Cauhopé, Seyler, & Cazenave, 2006). The airborne LiDAR method could
also supply hydrological information with high accuracy (James,
Watson, & Hansen, 2006; Jones, Poole, O'Daniel, Mertes, & Stanford,
2008), but it is not suitable for large area and long-term development
observation as costs of airborne LiDAR mapping increase linearly with
Table 1
Summary of wetland InSAR applications, including key ﬁndings of the respective studies.
Nr Reference Study area Center lat/long Time extend Data sets Wetland type Key ﬁndings
1 Alsdorf et al. (2000);
Alsdorf et al. (2001)
Amazon S3.5°/W61.5° 1997 SIR-C and JERS-1 Floodplain Interferometric analysis of L-band SAR imagery can yield centimeter-scale measurements
of water-level changes throughout inundated ﬂoodplain vegetation.
2 Wdowinski, Amelung,
Miralles‐Wilhelm,
Dixon, and Carande (2004)
Everglades, Florida N26.3°/W80.3° 1994 JERS-1 Marshes, swamps,
and mangrove
A subset of L-band InSAR observations are capable constraining a ﬂow model and
improve estimation of surface ﬂow parameters.
3 Lu et al. (2005) Louisiana N29.8°/W90.6° 1993–1998 ERS-l/2 Swamp forest C-band InSAR images can measure water level change beneath moderately dense tree cover.
4 Wdowinski et al. (2008) Everglades, Florida N26.3°/W80.3° 1993–1996 JERS-1 Marshes, swamps,
and mangrove
In the managed wetlands, fringes are organized, follow patterns related to some of the
managed water control structures and have high fringe-rate. In the natural ﬂow areas,
fringes are irregular and have a low fringe rate.
5 Lu and Kwoun (2008) Louisiana N29.8°/W90.6° 1992–1999
2002–2005
RADARSAT-1 and ERS Swamp forests The water-level changes from C-band InSAR measurements were further quantiﬁed using
both vertical-transmit and vertical receive (VV) polarized ERS-1/ERS-2 and horizontal-transmit
and horizontal-receive (HH) polarized Radarsat-1 images.
6 Kim et al. (2009) Louisiana N29.8°/W90.6° 2007–2008 PALSAR, RADARSAT-1
and ENVISAT altimeter
Swamp forests InSAR and satellite radar altimetry can be integrated for measuring absolute or geocentric
water level changes.
7 Hong et al. (2010a) Everglades, Florida N26.3°/W80.3° 2008 TerraSAR-X Marshes, swamps,
and mangrove
X-band InSAR with a short temporal baseline can detect and monitor surface water-level
changes in wetland with accuracy of 2–4 cm.
8 Hong et al. (2010b) Everglades, Florida N26.3°/W80.3° 2006–2007 RADARSAT-1 Marshes An InSAR technique called Small Temporal Baseline Subset (STBAS) was presented
for monitoring absolute water level time series with centimeters accuracy using radar
interferograms over wetlands.
9 Gondwe et al. (2010) Sian Ka'an in Yucatan N20.0°/W87.5° 2006–2008 RADARSAT-1 Marshes, swamps,
and mangroves
Analysis of SAR and InSAR data over the Sian Ka'an wetlands showed that these remotely
sensed data can yield local-scale water divides and surface water ﬂow directions
over this vast ground-water-fed wetland.
10 Hong et al. (2010b) Everglades, Florida N26.3°/W80.3° 2006–2007 RADARSAT-1 Marshes All the quadrant polarimetric C-band interferograms showed very similar fringe patterns
regardless of the polarization type, suggesting that water level changes
can be detected in all polarizations.
11 Poncos et al. (2013) the Danube Delta N45.0°/E29.5° 2007–2010 ALOS PALSAR Marshes DInSAR measurements were compared with extrapolated water level change values obtained
from an existing mathematical model of the hydrological regime in the Danube Delta.
12 Xie et al. (2013) the Yellow River Delta N37.7°/E119.0° 2008–2009 ALOS PALSAR Marshes HH polarization L-band synthetic aperture radar data could detect water level changes with
centimeters accuracy in reed meshes.
13 Kim et al. (2013) Everglades, Florida N26.3°/W80.3° 1993–1999
2004–2005
JERS-1, ERS-1/2, ENVISAT,
and RADARSAT-1
Marshes, swamps,
and mangrove
The relation between interferometric coherence in the Everglades wetland, inherent
SAR parameters of polarization, incidence angle, and wavelength, wetland types, and
physical and temporal InSAR components was analyzed.
14 Kim et al. (2014) Everglades, Florida N26.3°/W80.3° 2007–2011 PALSAR and RADARSAT-1 Marshes, swamps,
and mangrove
The complementarity of SAR backscatter coefﬁcient differencing and interferometry (InSAR)
can improve estimation of high spatial resolution water level variations in the Everglades.
15 Hong andWdowinski (2014) Everglades, Florida N26.3°/W80.3° 2007–2011s ALOS PALSAR Marshes A new multitrack multitemporal algorithm was presented to calculate absolute water level
time series with improved frequency of acquisitions and very high spatial resolution (40 m).
The main contribution of the multitrack algorithm is the improved time span between
acquisitions, from 46 days in the single-track algorithm down to 7 days in the multitrack algorithm.
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240 C. Xie et al. / Remote Sensing of Environment 164 (2015) 238–253mapped area and revisit frequency. The problem for wetland application
of spaceborne LiDAR, such as the Geoscience Laser Altimeter System
(GLAS) instrument onboard ICESat (Schutz, Zwally, Shuman, Hancock, &
DiMarzio, 2005), is the removal of the bank or vegetation contamination
for the smaller water bodies and the identiﬁcation of water and land
returns (Alsdorf et al., 2007).
SAR backscattering coefﬁcient inwetland studies has been very useful
for characterizing wetland types (Bartsch, Kidd, Pathe, Scipal, & Wagner,
2007; Patel, Hari, & Ranganath, 2009), delineating inundated surface
area (Bourgeau-Chavez et al., 2005), and monitoring ﬂood dynamics
(Alsdorf & Rodriguez, 2005; Bartsch et al., 2006; Kuenzer et al., 2013).
Spaceborne differential Interferometry SAR has proven a remarkable
potential in water level monitoring with high spatial resolution over
wide areas (Table 1), andwas successfully utilized to study hydrodynam-
ics in the Everglades (Hong,Wdowinski, &Kim, 2010a;Hong,Wdowinski,
Kim, & Won, 2010b; Kim, Wdowinski, Amelung, Dixon, & Won, 2013;
Kim et al., 2014; Wdowinski et al., 2004, 2008), Louisiana (Kim et al.,
2009; Lu & Kwoun, 2008; Lu et al., 2005), the Yellow River Delta (Xie,
Shao, Xu, Wan, & Fang, 2013), the Sian Ka'an in Yucatan (Gondwe,
Hong, Wdowinski, & Bauer-Gottwein, 2010), and the Danube Delta
(Poncos, Teleaga, Bondar, & Oaie, 2013). All of these studies rely on
the fact that the water beneath ﬂooded vegetation can provide
double-bounce backscattering (Kasischke et al., 2003; Kiage, Walker,
Balasubramanian, Babin, & Barras, 2005; Wang, Hess, Filoso, & Melack,
1995), which allows InSAR coherence to be maintained. HH polarized
L-band SAR data with relatively small incidence angle are most fa-
vorable for detection water level changes in wetlands (Alsdorf
et al., 2000; Wdowinski et al., 2008; Xie et al., 2013). The coherence
level of L-band data depends mainly on perpendicular baseline,
while the coherence level of C-band data is strongly dependent on
temporal baseline (Kim et al., 2013). Polarization is also crucial wet-
land applications, with HH polarization beingmore coherent than VV
polarization over swamp forest (Hong et al., 2010b; Lu & Kwoun,
2008; Lu et al., 2005). Kim et al. (2014) studied further the correla-
tion between SAR backscatter and wetland water level changes,
and tested the possibility of estimating the water level changes from
SAR backscatter. Meanwhile, satellite radar altimetry can be utilized as
a powerful complementary of InSAR to estimate absolute water level
changes in the swamp forests (Alsdorf, Smith, & Melack, 2001; Kim
et al., 2009).
Long term hydrological monitoring is essential to evaluate the
health performance of a wetland ecosystem. Persistent Scatter Inter-
ferometry (PSI) and Small Baseline Subsets (SBAS) techniques,
which monitor displacement time series using successive InSAR ob-
servations, have led to a signiﬁcant progress in InSAR technology
(Berardino, Fornaro, Lanari, & Sansosti, 2002; Ferretti, Prati, & Rocca,
1999, 2001). However, due to the low coherence of natural targets in
coastal wetland, most previous InSARworks seldom use PSI and related
techniques to monitor multi-temporal hydrological changes. The one
exception is the study of Hong et al. (2010b) and Hong & Wdowinski,
(2014), who built upon the STBASmethodology to retrieve the absolute
water level time series, but only using InSAR observations with very
small temporal baselines. In recent years, a newapproach calledDistrib-
uted Scatter Interferometry (DSI) has been proposed to retrieve dis-
placement time-series from natural targets (Ferretti et al., 2011; Goel
& Adam, 2012). DSI technique promises long term high quality interfer-
ometric fringe map over wetlands.
In this study we adopt the DSI technique to obtain long term
water level from successive L-band InSAR observations over wet-
lands. Meanwhile, we make a step forward from absolute water
level to water depth time series with the assistance of dense water
depth measurement network. The paper is organized as follows.
Section 2 and Section 3 describe coastal wetlands in the Yellow
River Delta and collected SAR data and stage data respectively;
Section 4 explains the distributed scatterer interferometry technique
and the method adopted to transfer water level to water depth;Section 5 is dedicated to the presentation of the obtained results. Dis-
cussion and further developments are addressed in Section 6 and
Section 7, respectively.
2. Study area
We concentrate our study on a site located in the Yellow River Delta,
where one of the most typical river delta wetlands in warm temperate
climates is located. The Yellow River Delta has a monsoon-inﬂuenced,
four-season climate that lies in transition between the humid continen-
tal and humid subtropical regimes (Xue, 1993; Yue, Liu, Jørgensen, & Ye,
2003). Topography is nearly ﬂat with a maximum elevation change of
10 m.
A great amount of sand and soil, which is carried by the river from
upstream and deposited in the delta, leads to special wetland landscape
(Li, Wang, Deng, Hu, & Hu, 2009). The area of intermittently inundated
wetlands (such as reed marshes, bottomland forests, agricultural ﬁelds
and saline marshes) accounts for 37% of the total area. These coastal
wetlands can be thought of as “biological supermarkets” because they
provide a source of substantial biodiversity in supporting numerous
plant and animal species (Mitsch, 1995). The degradation and loss of
coastal wetlands and species in the area have been driven by infrastruc-
ture development (such as dams, dikes and levees), land conversion,
water withdrawals, land subsidence due to petroleum extraction and
pollution (Kuenzer et al., 2014a). A wetland recovery project, which
aims to restore and enhancewetland beneﬁts by re-establishing natural
ecological processes, was implemented to restore reed marshes in the
Yellow River Delta from July 2002 (Cui, Tang, Zhao, & Bai, 2009a; Cui,
Yang, Yang, & Zhang, 2009b; Cui, Zhao, Yang, Tang, & Tan, 2006).
The study area consists of primarily three different land cover types:
bottomland forest, agriculturalﬁelds and reedmarsh. Bottomland forest
(BF) and agricultural ﬁeld (AF) covers are found to the north of the
study area, and agricultural ﬁeld accounts for more than 60% of this
area. Agricultural ﬁeld shows higher backscatter coefﬁcients than
other land covers. Reed marshes are separated into two isolated parts
(RM1 and RM2) by levees, which prevent ﬂow between each other.
The total area of RM1 and RM2 is 9 km2 and 4 km2 respectively. Asman-
aged wetlands surrounded by barriers such as levees, RM1 and RM2 do
not have great spatial variations ofwater level atmost of the times.Most
parts of RM1 are dry during most of the year, and are bright as seen in
the backscatter intensity image in the February scene (red band in
Fig. 1(c)) and in August (blue band in Fig. 1(c). There are clear irregular
boundaries between the dry part and the inundated part on RM1,
and the irregular boundaries can be easily recognized in Fig. 1(c).
RM2 is connected with the Yellow River by the channel (the red
line parallel to the southwest boundary of the study area in Fig. 1(c),
and sufﬁcient water supply leads to large areas of surface water in the
area. Owing to variation in water level and biomass density (see
Fig. 2), some sites of inundated reed marsh were bright from backscat-
tering intensity in the February scene, and some sites were bright in
May (green band in Fig. 1(c)). Due to ﬂow management system via
the channel connected to the Yellow River, the typical managed ﬂow
is from stage gate on the channel to reed marsh. Such ﬂow occurs dur-
ing the end of June every year, when water level in the Yellow River is
high. Natural ﬂow pattern in RM2 is from north to south during thema-
jority of the days.
3. Materials and pre-processing
3.1. SAR data
We acquired 17 images of the Phased Array type L-band Synthetic
Aperture Radar (PALSAR) data from the Advanced Land Observing
Satellite (ALOS) to generate InSAR maps. The vertical blue lines in
Fig. 3 mark the ALOS PALSAR acquisition dates. The obtained PALSAR
data are from Fine Beammode, offering a resolution of 30m on ground.
Fig. 1. (a) Location of the YellowRiverDelta; (b) true color Landsat image of the YellowRiver Delta collected in 2009; (c) three date intensity false color composites of 13 February, 15May,
and 30August 2008 PALSAR over the study area. The yellowpolygon represents the study area, and the red line, parallel to the upright boundary of the study area, is the channel connected
to the Yellow River. The black rectangles mark the locations of three stage stations (S1–3). (For interpretation of the references to color in this ﬁgure legend, the reader is referred to the
web version of this article.)
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tion in wetlands (Kim et al., 2013).
The data acquisitionmode on 3 January and 18 February, 2010 is FBS
(Fine Beam Single) at HH polarization, and the acquisition mode of the
rest of the data is FBD (Fine Beam Dual) at HH and HV polarization. The
FBD data at HH polarization uses half the range bandwidth of FBS data,
but shares the same center frequency with FBS data which makes it
possible to processmixed FBS and FBD interferometric pair. To generate
interferograms between FBS and FBD data, we applied a range over-
sampling to FBD data and then coregistered FBS SLC data and FBD
oversampling scene to a common geometry (Werner, Wegmüller,
Strozzi, Wiesmann, & Santoro, 2007). The gathered data was in HH po-
larization, which has a stronger double-bounce backscatter associated
with reed stems in marsh and is more suitable for wetland application
than other polarizations (Kim et al., 2014).Fig. 2. Pictures of reed marsh wetlands, (a) dense ree3.2. Water level from ﬁeld investigation
Water level was collected at the same time as SAR data acquisition by
the Odyssey capacitive water level logger (Dataﬂow Systems, 2013) at 3
investigation sites, as revealed in black rectangles in Fig. 1(c). Chinese
Vertical Datum 1985 was adopted as our reference vertical datum to ob-
tain absolute water level observations. These three stage stations were
installed at a region with high coherence, and they were implemented
to calibrate water level information of RM1 and RM2 respectively. Two
stage stations were employed in RM2 and one stage station was
employed in RM1. Blue, red and green lines in Fig. 3(a) represent water
level observations collected by these three stage stations respectively.
The three stations show clearly seasonal variations.Water level generally
reaches its peak in August, and decreases greatly fromNovember to next
February.d in shallow area; (b) sparse reed in deep area.
Fig. 3. (a)Water level time series collected at 3 stage stations in RM1 and RM2, the locations of the stage stationswere illustrated in Fig. (1). The vertical blue lines mark the ALOS PALSAR
acquisition dates; (b) daily rainfall time series from 2007 to 2011, whichwasmeasured atmeteorological station in Dongying. The red lines represent daily rainfall inmillimeter, and blue
lines reveal SAR data acquisition date. (For interpretation of the references to color in this ﬁgure legend, the reader is referred to the web version of this article.)
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At the same time, the team from Beijing Normal University has
measured water depth on 30 May, 11 August and 30 August 2008 re-
spectively. Water depths were measured with a GSK-4 Portable Digital
Ultrasonic Sounder with 0.05 m precision for each spot positioned by
GPS. Sampling sites were set up according to water depth gradient to
gather dense water depth data in RM2. Most of the investigation sites
were on the north-half part of RM2, and just a few investigations were
located on the south-half part. The southeast boundary has the greatest
water depth, and most boundaries have relatively great water depth.
Meanwhile there is relatively shallow area in the middle of RM2, where
the density of reed is high.
It should be noted that water depth measurements and SAR data
were not acquired on the same dates. Table 2 made a comparison be-
tween acquisition dates of water depth measurements and SAR data.
The SAR data listed in Table 2 were the ones which were acquired clos-
est to dates of water depth investigation. Considering the acquisition
temporal difference,we should take account of precipitation and evapo-
transpiration when using ﬁeld investigation to estimate water depth on
acquisition dates of SAR data in RM2.Table 2
Comparison of acquisition date of water depth measurement and SAR data.
Nr. Water depth measurement SAR data
1 30 May 2008 15 May 2008
2 11 Aug. 2008 15 Aug. 2008
3 30 Aug. 2008 30 Sept. 20083.4. Meteorological data
Wealso collectedmeteorological data frommeteorological station in
Dongying. The distance between the study area and the meteorological
station in Dongying is 40 km. According to acquired meteorological data,
we generated daily rainfall time series from 2007 to 2011 (Fig. 3(b)).
Severe rain events always occur from June to September every year, espe-
cially in 2007 and2009. FromNovember tonext February, therewere sel-
dom rainfall events.3.5. Pre-processing
We generated average intensity image from multi-temporal
coregistered amplitude images, and then converted intensity image to
backscatter coefﬁcient image using parameters supplied in ALOS
PALSAR leader ﬁles as shown in Fig. 4(a). Under assumption of constant
plant height, canopy density and incidence angle, backscatter intensity
of ﬂooded reed marsh wetland is inﬂuenced by water level changes
on HH polarized L-band SAR image. For reed marsh at an intermediate
stage of growth (plant height is about 100 cm), the increase of water
level implies that the scattering center of the double bounce scattering
mechanism moves toward the upper part of the stem, while the atten-
uating vegetation layer becomes thinner. Consequently the double
bounce backscattering becomes the dominant effect and causes an in-
crease of scatter coefﬁcient. Kandus, Karszenbaum, Pultz, Parmuchi,
and Bava (2001); Kasischke et al., 2003. Backscatter intensity of reed
marsh is just at a medium level (see Fig. 4(a)), and has a great variety
because of the inﬂuence of water level change and plant life cycle evo-
lution. The average backscatter coefﬁcient in RM2 is−18 dB, which is
lower than average backscatter coefﬁcient in RM1 and AF.
Fig. 4. (a) Average backscatter coefﬁcient image was obtained from 17 coregistered amplitude images; (b) average coherence image was generated from coherence images of interfero-
metric pairs which have spatial baseline and temporal baseline less than 2000 m and one year respectively.
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images of interferometric pairs which have spatial baseline and temporal
baseline less than 2000 m and one year respectively. The temporal and
spatial baseline thresholds were set in this way because the coherence
of coastal wetlands is strongly dependent on the temporal baseline and
much less on the perpendicular one in L-band HH polarized interfero-
grams (Kim et al., 2013). Fig. 4(b) illustrates that agricultural ﬁeld has
the higher coherence in the two different kinds of land covers. The west
part of RM2 has a relatively high coherence, which is higher than 0.3
and promises the quality of interferometric phase and hydrological infor-
mation estimated in RM2. Maintained coherence over reed marshes re-
veals that the majority of the returned L-band SAR signal must be from
the interaction with reed trunks and the water surface beneath.4. Methodology
4.1. Water level estimation using DSI technique
The ﬂowchart of the DSI technique adopted in this manuscript can
be presented schematically as follows:Fig. 5. Flowchart of hydrological informatio1. Based on interferometric coherence, form an optimized interfero-
gram network composed of all the interferograms beyond a certain
coherence threshold.
2. Identify statistically homogeneous pixels by applying the two-
sample AD test to amplitude data vectors.
3. Implement spatial adaptive ﬁltering on homogeneous pixels to
reduce noise and enhance fringe visibility on distributed scatterers.
4. Estimate absolute water level from ﬁlter interferograms with assistant
of stage data.
Fig. 5 illustrates the ﬂowchart of hydrological information estima-
tion based on the DSI technique.
4.1.1. Optimal interferogram network
Target rotation resulting fromwind, change of vegetation height and
canopy density leads to temporal decorrelation of natural targets in
coastal wetland. Only interferograms with high coherence can promise
the quality of interferometric phase, and it is crucial to generate optimal
network connecting all the interferograms with high coherence for hy-
drological information estimation. In original PSI processing, interfero-
metric phase is generated by referring all images to a common mastern estimation based on DSI technique.
244 C. Xie et al. / Remote Sensing of Environment 164 (2015) 238–253acquisition (Ferretti et al., 2001). We set up an interferogram selection
method to identify the network of multi-temporal interferograms
forming an optimal connection in the spatial/temporal baseline plane.
The optimal network was formed based on MST (Minimum Spanning
Tree) and coherence threshold. Basic connection was constructed by
MST algorithm (Perissin & Wang, 2012; Reﬁce, Bovenga, & Nutricato,
2006), and then interferogram with high coherence were added into
the network. Theoretical interferometric coherence was estimated
according to the equation (Hooper, 2006),
γ ¼ γspatialγtemporalγdopplerγnoise
¼ 1− Bperp
Bperp c
 
1−Δt
Tc
 
1−Δfdc
f dcc
 
SNR
1þ SNR
  ð1Þ
whereγspatial,γtemporal,γdoppler andγnoise denote spatial, temporal, Doppler
and thermal noise components, respectively. Bperp, Δt and Δfdc represent
spatial, temporal, andDoppler centroid baseline respectively. Bperp_c is the
critical baseline at which the interferometric correlation becomes zero
and is calculated according to Hanssen (2001), fdcc is 1521 Hz for
PALSAR FBD mode. Tc is a temporal decay constant, and is 2500 days for
wetland according to Kim's research (Kim et al., 2013). SNR (signal-to-
noise ratio) equals to 6.95 dB for PALSAR FBD mode. Interferograms
with theoretical coherence higher than 0.6 were added to the network
constructed in spatial and temporal planes.
Based on the above mentioned regulations, we formed the optimal
interferogram network in the spatial/temporal baseline plane (Fig. 6).
It should be noted that the perpendicular baselines of PALSAR are corre-
lated with the acquisition time (Samsonov, 2010), which led to separa-
tion of acquired SAR data in the spatial/temporal plane. The collected
data are separated into two subsets (data collected before and after
June, 2008) and one isolated data (data collected on June 30, 2008).
To maintain the connectivity of the network, we should promise there
is at least one connection between the isolated data and each subset.
28 interferogramswere ﬁnally generated forwater level change estima-
tion. Table 3 listed the detail parameters of interferometric pairs. The
range of their spatial perpendicular baselines extends from 41 m to
1570.75 m. The range of their temporal baselines extends from
46 days to 414 days. It should be noted that the interferogram withFig. 6. The optimal interferogram network in the spatial/temporal baseline plane. The blue ci
utilizing to estimate water level changes. The colors of the lines demonstrate the coherence
coherence respectively. (For interpretation of the references to color in this ﬁgure legend, thethe maximum temporal baseline has a very short spatial perpendicular
baseline (110 m).
4.1.2. Identiﬁcation of homogeneous pixels
Wetland is characterized by a typical kind of distributed scatterers,
which involve a coherent sum of many independent small scatterers
(no dominant scatterer) within a resolution cell and then dominant
scattering mechanism can be described as a complex circular Gaussian
radar return (Bamler & Hartl, 1998). Based on the stack of coregistered
and calibrated L-Band HH polarization SAR amplitude images, we could
identiﬁed for each pixel the statistically homogenous pixels (SHPs)
surrounding it by testing if the two corresponding random processes
belong to the same distribution in statistics. Compared to other test
methods, Anderson–Darling (AD) test has been proven to be the most
effective method (Parizzi & Brcic, 2011). AD test puts more weight on
the tails of the distributions, which is very important in radar applica-
tion where the distribution's tail plays an important role, leading to a
lower rate of the second kind of error in the hypotheses (Scholz &
Stephens, 1987). For two samples p and q on a stack of co-registered
and calibrated SAR amplitude images, the test statistics Ap,q2 is deﬁned as
A2p;q ¼
N
2
X
x∈ xp;i ;xq;if g
F
w
p xð Þ−Fwq xð Þ
 2
F
w
pq xð Þ 1−Fwpq xð Þ
  ð2Þ
where F
w
p xð Þ and Fwq xð Þ are empirical cumulative distribution functions
for p and q, and F
w
pq xð Þ is the empirical cumulative distribution function
of the pooled distribution of the two samples. The asymptotic distribu-
tion was given by Anderson and Darling (1952) for N→ ∞, while the
quantiles' approximations for ﬁnite sample size are given by Pettitt
(1976).
We ﬁrst deﬁne for each pixel P an estimationwindow centered on P,
and then apply the two-sample GOF test between every pixelwithin the
estimation window for each center pixel P at a given level of signiﬁ-
cance. We selected all the pixels that can be considered as statistically
homogenous, and abandoned the statistically homogenous image pixels
that were not connected to P directly through other SHP. Finally thercles present acquired SAR data, and the lines connecting circles indicate interferograms
of corresponding interferograms, where blue and red represent low coherence and high
reader is referred to the web version of this article.)
Table 3
List of ALOS-PALSAR interferometric pairs.
Nr. Master Slave Bperpa Δtb Nr. Master Slave Bperp Δt
1 28 Jun. 2007 13 Aug. 2007 251.86 46 15 30 Jun. 2008 31 Dec. 2008 1324.01 184
2 28 Jun. 2007 28 Sept. 2007 486.42 92 16 30 Jun. 2008 3 Jul. 2009 110.17 414
3 28 Jun. 2007 13 Nov. 2007 1122.01 138 17 15 Aug. 2008 30 Sept. 2008 1031.04 46
4 13 Aug. 2007 28 Sept. 2007 234.56 46 18 15 Aug. 2008 15 Nov. 2008 1570.75 92
5 13 Aug. 2007 13 Nov. 2007 870.15 92 19 30 Sept. 2008 15 Nov. 2008 539.70 46
6 28 Sept. 2007 13 Nov. 2007 635.58 46 20 30 Sept. 2008 31 Dec. 2008 498.48 92
7 28 Sept. 2007 13 Feb. 2008 1383.97 138 21 15 Nov. 2008 31 Dec. 2008 41.22 46
8 28 Sept. 2007 30 Jun. 2008 1214.45 276 22 31 Dec. 2008 3 Jul. 2009 1172.63 276
9 13 Nov. 2007 13 Feb. 2008 748.38 92 23 31 Dec. 2008 18 Aug. 2009 1213.85 230
10 13 Nov. 2007 15 May 2008 1229.71 184 24 3 Jul. 2009 18 Aug. 2009 52.20 46
11 13 Feb. 2008 30 Mar. 2008 134.81 46 25 3 Jul. 2009 3 Oct. 2009 607.97 92
12 13 Feb. 2008 15 May 2008 481.32 92 26 18 Aug. 2009 3 Oct. 2009 555.77 46
13 30 Mar. 2008 15 May 2008 346.51 46 27 3 Oct. 2009 3 Jan. 2010 531.48 92
14 30 Jun. 2008 15 Nov. 2008 1282.79 138 28 3 Jan. 2010 18 Feb. 2010 564.23 46
a Spatial perpendicular baseline.
b Temporal baseline.
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terferometric phase ﬁltering and coherence estimation.
Fig. 7 presents the results of statistically homogenous pixels (SHPs)
selection (in red) for the green pixel with a detection window of
40 × 40 pixels by goodness-of-ﬁt test. Fig. 7(a) shows amplitude
image covering the bottom land forest, which is an artiﬁcial forest and
has regular spatial structure with relatively higher backscatter coefﬁ-
cient. We can see that 131 pixels were identiﬁed as SHPs, and they all
lay on the same agricultural ﬁeld. From our other experiments, a great
amount of homogenous pixels can also be found in reed marsh area.
4.1.3. Spatial adaptive ﬁltering
Based on the SHPs identiﬁed in the above step, a spatial adaptive
ﬁltering can be applied to improve fringe visibility in the interferograms
and increase the signal-to noise ratio (Goel &Adam, 2013). The adaptive
ﬁltered interferogram value from the jth SAR image Sj(p) and the kth
SAR image Sk(p) for pixel point P is estimated as:
I j;k Pð Þ ¼
1
Ωj j
X
p∈Ω
Sj pð Þ  Sk pð Þ  e−iφre f ð3Þ
where * indicates the conjugation,Ω is the set of identiﬁed SHP and φref
is the reference phase, which includes ﬂat earth and topographic phase.Fig. 7. Identiﬁcation result of statistically homogenous pixels (SHPs) (in red) for the green pixe
showing the location of the reference pixel, (b) is the zoom-in of the region enclosed in red recta
color in this ﬁgure legend, the reader is referred to the web version of this article.)We made a comparison of boxcar multilooking and spatial adap-
tive algorithm as applied on an interferogram covering the study
area. Fig. 8(a) illustrates the amplitude image over the area, and
Fig. 8(d) shows 1 × 5 multilooked interferogram which is exploited
for the following ﬁltering. Fig. 8(b) and Fig. 8(e) are the coherence
and interferogram estimate after 4 × 4 pixels boxcar multilooking
respectively. Fig. 8(c) and Fig. 8(f) is coherence and interferogram
estimate after adaptive spatial ﬁltering based on Anderson–Darling
test respectively. It can be obviously found that adaptive ﬁltering has
a better effect on reducing speckle noises on interferogram than boxcar
ﬁltering, and at the same time adaptiveﬁltering preserve the spatial res-
olution. On Fig. 8(c) and Fig. 8(f), the coherence and interferometric
phase quality has been improved greatly, and it is easy to separate
levee from reed marsh and agricultural ﬁeld.
4.1.4. Absolute water level estimation
On every unwrapped interferogram, water level change Δhti ;t j x; yð Þ
for every coherent pixel (x, y) from time ti to time tj can be estimated
according to the following equation.
Δhti ;t j x; yð Þ ¼ Δhti ;t j x0; y0ð Þ þ
λΔϕti ;t j
4π cos θinc
þ n ð4Þl with a detection window of 40 × 40 pixels by goodness-of-ﬁt test. (a) Amplitude image
ngle, and (c) SHPs identiﬁed by Anderson–Darling. (For interpretation of the references to
Fig. 8. Comparison of boxcar multilooking and adaptive spatial ﬁltering algorithm, applied on the interferometric data pair acquired on June 28, 2007 and August 13, 2007. (a) is the am-
plitude image over the study area, (b) is coherence after 4 × 4 pixels boxcar multilooking, (c) is coherence after adaptive spatial ﬁltering, (d) is 1 × 5 multilooked interferogramwhich is
used for the following ﬁltering, (e) is interferogramestimate after 4 × 4 pixels boxcarmultilooking, (f) is interferogramestimate after adaptive spatial ﬁltering based on Anderson–Darling
test. The interferometric fringe within the reed marsh is due to managed ﬂow.
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resents the phase variation between point (x, y) and reference point (x0,
y0) on unwrapped interferogram, and n represents noise term. Stage
stations were selected as reference point (x0, y0), and relative
water level change Δhti ;t j x0; y0ð Þ can be generated from stage data.
In this paper, an L1-norm based technique was used to retrieve rel-
ative water level changes from unwrapped differential interferograms.
L1-norm based SBAS technique for water level retrieval is discussed in
more detail in Appendix A. In reed marshes, there might be several
decorrelated areas separating the coherent patches. This often intro-
duces parameter estimation errors. L1-norm cost function can estimate
water level changes with robust outlier rejection (Goel & Adam, 2012).
It should be noted that only relative water level changes can be
obtained from unwrapped differential interferometric phase, so ground
hydrological observations are needed to calibrate InSAR observation and
obtain absolute water level estimation (Lu & Kwoun, 2008; Wdowinski
et al., 2008). To estimate absolute water level, relative water level series
should ﬁrst be generated by integrating derived relative water level
changes between time-adjacent acquisitions. Then absolute water levels
time series can be estimated by tying the relative series to reference
water levels. There were always linear offsets between InSAR derived
relative water level and stage data (Wdowinski et al., 2008). By compar-
ing water level series collected from InSAR observation and stage data,
we can estimate linear offsets between the two methods. After the re-
moval of linear offset, we generated InSAR derived absolute water level
series.4.2. Water depth estimation
It should be noted that water depth represents the distance between
from bottom and top surface of a body of water in this paper. Meanwhile,
water level represents the level of the surface of a body of water. Under
the assumption that topography under water is constant at one point, it
can be inferred that water depth changes equal to water level changes
over the entire observation time period. Then, a simple formula between
water depth and water level can be set up.
d tð Þ−d t0ð Þ ¼ l tð Þ−l t0ð Þ ð5Þ
where d and l representwater depth andwater level respectively, and t0
is the reference time. As illustrated in Fig. 1, RM2 is blocked by levees
and only connected to the Yellow River through a tiny channel. Flows
due to gate operation, which occurs once a year when the Yellow
River has a high water level during summer, could not lead to large
amount of sediment or great change of the topography under water in
RM2. Then, water depth in RM2 can be estimated from water level
according to the following equation.
d tð Þ ¼ l tð Þ−l t0ð Þ þ d t0ð Þ ð6Þ
Since we obtained dense water depth observation from ﬁeld investi-
gation, water level time-series could be transferred to water depth
time-series based on this formula.
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5.1. Water level time-series
According to the optimal network illustrated in Fig. 6, we generated
28 interferograms with relatively high coherence. Fig. 9 shows the 28
wrapped interferograms after adaptive spatial ﬁltering over the study
area. Most of the wrapped interferograms have continuous fringes on
them, and only a few interferograms have some discontinuous fringes
and speckle. From Fig. 9, it can be seen that hydraulic regime of RM1
and RM2 is relatively simple.
Filtered interferograms illustrate that vertical changes of water level
can be clearly reﬂected from InSAR fringe patterns in wetlands environ-
ments. Wetland management agency had irrigated the wetlands on
June 28, 2007, and the managed ﬂow led to obvious fringes on related
interferograms, which contain more fringes than the other interfero-
grams. Meanwhile, ﬂat water conditions occur in August, September
and November 2007. Red–blue–green alternation over RM2 in Fig. 9
(1)–(3) reveals decreasing water levels from upstream to downstream,
and InSAR derived differential change inwater level caused bymanaged
ﬂow was 20.8 cm between upstream and downstream.
Different land covers revealed different fringe patterns on ﬁltered in-
terferograms. Fig. 9 illustrates that there were obvious interferometric
fringes in reedmarsh wetlands (RM1 and RM2) in some interferograms,
and most of the time there were no obvious fringes in agricultural ﬁeld.
Agricultural ﬁeld was highly correlated with no interferometric fringes
during the whole temporal interval of data acquisition, meaning that
there was no deformation or water level change on agricultural ﬁeld.
Some parts of RM1 were seldom inundated according to ﬁeld investiga-
tion, and had almost the same interferometric phase as agricultural ﬁeld.
The rest part of RM1 was continuously ﬂooded all year round. There are
clear irregular boundaries on the two parts, which can be easily recog-
nized in some interferograms in Fig. 9 and also on amplitude images il-
lustrated in Fig. 1(c). RM1 is not directly connected to the Yellow River
through any channels, so rainfall and evapotranspiration have signiﬁcant
impacts on water level in RM1. It results from the fact that there wasFig. 9. 28 wrapped interferograms over the study area after ﬂat earth correction and topogralmost no ﬂow leading to obvious fringe patterns in differential interfer-
ograms in RM1.
Then, we estimated absolute water level sequence from ﬁltered in-
terferograms by bonding the relative water level sequence to reference
water level. Field investigation revealed therewas no obvious hydrolog-
ical change caused by rainfall and human-induced ﬂow on November
15, 2008. So we deﬁned a reference water level during ﬂat water level
conditions on November 15, 2008 to expand this knowledge from ﬁnite
locations where stage data are available for all pixels. Fig. 10 shows
InSAR derived absolute water level time series from June 28, 2007 to
February 18, 2010.
Fig. 10 illustrates that therewas nowater level change at agricultural
ﬁeld because it was seldom ﬂooded. Most of the time, RM1 and RM2
have a similar water change trend, where water level gets the highest
values in summer and the lowest values in winter respectively. The
blue and yellow arrows in water level map on June 28, 2007 mark the
input and output stage gate respectively, and the dominant managed
ﬂow direction is from northwest to southeast. The absolute water level
image on June 28, 2007 has a good agreement with the ﬂow pattern.
When therewas amanagedﬂow caused by gate operation, the neighbor-
hood area immediately had obvious water level change.
It was managed ﬂow and heavy rainfall that result in higher water
level in summer, especially on August 13, 2007. Fig. 3(b) illustrates that
there were severe rainfall events occurring between June 28 and August
13, 2007, which led the great increase of water level. Fig. 3(b) also
shows that low rainfall led to the low water levels in winter. It should
be noted that the water level image on September 28, 2007 illustrates a
great water level difference between RM1 and RM2, and we suspect
that the difference was caused by an observation error of stage data in
RM1.
According to ﬁeld investigations, daily average temperature in
February 18, 2010 was below zero degrees in the study area, and low
temperature unavoidably led to freezing of water in reed marshes. The
InSAR observations did not reveal the ground truth at that time, and
we deleted thewater level image on February 18, 2010 from the hydro-
logical sequence.aphic phase removal. The background is average amplitude image over the study area.
Fig. 10. (1)–(16) illustrate absolute water level time series from June 28, 2007 to February 18, 2010, where Chinese Vertical Datum 1985 was adopted as reference vertical datum. The
background is average amplitude image over the study area. Amplitudemap (17)marks the locations of AF, RM1 and RM2, and the blue and yellow arrows represent the input and output
stage gate respectively. (For interpretation of the references to color in this ﬁgure legend, the reader is referred to the web version of this article.)
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5.2.1. Reference water depth image generation
As illustrated in Eq. (6), we need to select one water depth investiga-
tion as the reference to derive water depth from InSAR derived water
level observations. The water depth investigation on August 15, 2008
was chosen as the reference observation in this paper.Meanwhile, the ac-
quisition date of water depth measurement was August 11, 2008. Then,
we should take managed ﬂow, rainfall and evapotranspiration into ac-
count when we estimate water depth on SAR acquisition date.Fig. 11. Kriging interpolatedwater depth image on August 15, 2008 in RM2. The small black dot
the input and output stage gates respectively. The blue arrowmarks the gate between RM2 and
this ﬁgure legend, the reader is referred to the web version of this article.)Fig. 3(b) shows that there was no precipitation from August 11 to
August 15, 2008, and ﬁeld investigation shows that there was also no
managed ﬂow, since daily evapotranspiration was about 3 mm in
August over reed marsh (Jia et al., 2009) and total evapotranspiration
was about 12 mm in 4 days. Taking 12 mm evapotranspiration into
account, water depth on August 15, 2008 can be estimated from ground
measurements on August 11, 2008. By interpolating sparse water depth
observations to a regular grid using kriging interpolation algorithm, we
can obtain high resolution map (Fig. 11) of water depth on August 15,
2008. The small black dots on Fig. 11 illustrate the locations of ﬁelds represent the locations of ﬁeld investigation sites, and the blue and yellow arrows reveal
the channel connected to the Yellow River. (For interpretation of the references to color in
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part of RM2, and just a few investigations sites located on the south-half
part.
The high resolutionwater depth image (Fig. 11) shows a great deal of
hydrological information in RM2. It should be noted that thewater depth
ranges from −8.4 cm to 53.6 cm, with negative values representing
groundwater level below ground surface. The southeast boundary and
the northwest corner are the deepest and the shallowest parts of RM2
respectively. Meanwhile, there are also some relatively shallow areas in
the middle of RM2, where the average value of water depth is 10.2 cm
and the density of reed is high.
5.2.2. Water depth time sequence generation
Based on kriging interpolatedwater depth image on August 15, 2008,
we generated water depth sequence from June 2007 to January 2010
according to Eq. (6). Fig. 12 reveals InSAR derived water depth sequence
from June 28, 2007 to January 3, 2010 in RM2. It should be noted that the
water depth ranges from −15 cm to 65 cm. Most of RM2 was below
water in summer, especially in August 13, 2008. Then water depth
decreased greatly from September to next March. In winter, RM2 was
above water except for the southeast corner. Water depth increased
greatly on June 28, 2007 around the upstream stage gate, and at the
same time some downstream part of reed marsh was still above water
level because the managed ﬂow had not reached there.
6. Discussion
6.1. Water level estimation using DSI technique
Our interferometric results (Fig. 9) proved that it's possible to utilize
L-band SAR interferometry to monitor water level change in reed
marshes wetlands. Double bounce is the dominant backscattering
mechanism over managed reed marshes on HH polarization L-band
SAR data, and an increase of canopy density results in an increase of
double-bounce scattering and leads to an increase of total backscatter-
ing signal. At the same time, water level also has a positive impact on
radar backscatter amplitude of reed marsh (Kim et al., 2014). Compar-
ing to interferograms formed by X-band or C-band data, L-band inter-
ferograms can keep a relatively high coherence level with a long time
span. All the interferograms listed in Table 3, even some interferometric
pairs with temporal baseline over one year, have an average coherenceFig. 12. InSAR derived water depth sequence froover 0.2 in reed marsh. It promises the quality of interferometric phase
and makes it possible to implement long term interferometric analysis
over reed marsh.
To derive long term hydrological information from interferometric
stack, it's necessary to form a network which utilizes interferograms
effectively. Because the coherence level of C-band data is strongly de-
pendent on temporal baseline, Hong et al. (2010b) only adopted inter-
ferograms with temporal baseline shorter than 48 days. For L-band
data, interferometric phase can be maintained over six month and
even longer in herbaceous wetlands (Kim et al., 2013). It means some
interferograms with relatively long temporal baseline can also be
utilized to derive water level changes. An initial network constructed
using MST algorithm could promise interferogram network's connectivi-
ty.Meanwhile theoretical coherencewas assigned as aweight to quantify
interferograms' goodness and added high coherence interferograms to
maximize the coherence of the total network. The dispersions of spatial
and temporal baselines allow high-precision estimates of hydrological
variation.
Our technique is particularly appropriate to estimate parameters in
coastal wetlands because it is focused on homogeneous interferometric
phase analysis on distributed scatterers in coastal wetlands. Although
our study was limited to coastal wetlands in the Yellow River Delta, it
also has a great implication potential for other coastal wetland regions
worldwide. Distributed scatterers are dominant scatterers in coastal
wetlands, such freshwater marshes, freshwater swamps, and coastal
mangrove. These distributed scatterers share similar reﬂectivity values,
and can be determined by performing statistically homogeneous pixel
analysis (Ferretti et al., 2011). Although distributed scatterer was more
suitable for high resolution sensor, our SHP detection result (Fig. 7) illus-
trated distributed scatterers can also be found on medium resolution
image, such as ALOS PALSAR data. An adaptive spatial phase ﬁltering
algorithm can greatly improve fringe quality on distributed scatterers
(Goel & Adam, 2012).
There are two reasons leading to water level change over coastal
wetlands in the Yellow River Delta (Wdowinski et al., 2008). The ﬁrst
one is managed ﬂow, and the second one is rainfall and evapotranspira-
tion. Because the study area is very small and surrounded by levees,
there was no obvious water level variation along the dominant ﬂow di-
rection even after a signiﬁcant rainfall event. Only after a large upstream
ﬂow inﬂux, it can be expected to detect changes reﬂecting differential
changes in water levels. The red line on Fig. 13(c) marks the ﬂowm June 28, 2007 to January 3, 2010 in RM2.
Fig. 13. (a) The black lineAA′ represents thewater level proﬁle location,which is drawn along the dominantﬂowdirection, and yellowarrowandwhite arrowmark input and output stage
gates respectively; (b–d) illustrate comparison between water level data along the AA′ proﬁle at different acquisition dates. InSAR derived water level data in the center of RM2 are
projected onto the proﬁle. Vertical axis represents water level variation, and horizontal axis represents the distance along the line AA′. (b) marks water level data from June, 2007 to
March, 2008; (c) marks water level data from May, 2008 to December, 2008; (d) marks water level data from July, 2009 to January, 2010. (For interpretation of the references to color
in this ﬁgure legend, the reader is referred to the web version of this article.)
Fig. 14.Comparison between (a) interpolatedwater depth from ﬁeld investigation onMay 30, 2008 and (b)water depth from InSAR observation onMay 15, 2008. Residualmap (c) shows
deviation and (d) reveals histogram of deviation. (For interpretation of the references to color in this ﬁgure, the reader is referred to the web version of this article.)
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251C. Xie et al. / Remote Sensing of Environment 164 (2015) 238–253cause by gate operation on June 28, 2007, and water level decreases
gradually along the dominant ﬂow direction AA′. InSAR derived water
level observation clearly illustrate seasonal variation of water level.
Seasonal variation of water level has a good agreement with seasonal
variation of rainfall events. Severe rainfall events concentrated in
summer, while water level also reached the peak in summer (from
June to August), which were represented by red and yellow lines in
Fig. 13(b)–(d).Meanwhile,water level and rainfall events hit bottom si-
multaneously inwinter (fromNovember to next February),whichwere
marked by deep green and blue lines in Fig. 13(b)–(d).
6.2. Water depth time-series
InSAR derived water depth has a good agreement with ﬁeld investi-
gation, as shown in Fig. 14. We evaluated the accuracy of InSAR derived
water depth by comparing interpolated water depth obtained from
ground investigation on May 30, 2008 and from InSAR observation on
May 15, 2008. Taking account of water depth changes caused by rainfall
(32 mm according to collected meteorological data) and evapotranspi-
ration (60mmaccording to Jia et al. (2009)),we generated residualmap
obtained by two differentmethods. Fig. 14 compares interpolatedwater
depth from ﬁeld investigations and interpolated water depth from
InSAR observation.
The residual map (Fig. 14(c)) reveals that deviations between two
kinds of observation are below 4 cm in shallow water area with dense
reed. The histogram of residual map, Fig. 14(d), illustrates that the
mean value of residual is 0.48 cm and the standard deviation is
4.24 cm, and suggests the potential of DSI technique in long term
water depth time-series estimation in inundated dense reed. The
highest residual values appear in open water area and long dry reed
marsh,−13.63 cm and 9.48 cm, respectively. Rectangle A and ellipse B
represent the two areas with the highest residual values in Fig. 14(c).
The small area in rectangle A, which is in red in Fig. 14(a) and (b), was
seldomﬂooded and always abovewater level. The dominant backscatter-
ing mechanism is volume scattering in the small area, and it is not prac-
tical to utilize InSAR technique to estimate hydrological information in
this area. Ellipse B in Fig. 14(c) represents open water area with sparse
reed. The dominant backscattering mechanism is surface scattering and
radar backscattering intensity is very weak in this area. Serious
decorrelation in open water area unavoidably leads to water level error
of water depth in InSAR observations.
Ourmethodology has a potential to be applied to natural swamp and
mangrove, whichwas subjected to the naturalﬂuctuation. In general for
L-band interferograms, the coherence over swamp and mangroves has
higher value than coherence over herbaceous wetlands (Kim et al.,
2013). It means interferogram can maintain interferometric phase with
longer time span over natural swamp and mangrove than over reed
marsh. The most important difference between managed and natural
wetlands lies in the interferometric fringe pattern. In the natural ﬂow
areas, such as marshland, fringes are irregular and have a low fringe
rate (Wdowinski et al., 2008). Because natural wetlands are subject to
the natural tidal ﬂuctuation, their interferometric fringe pattern reﬂects
water level changes resulted from ocean tide.
On the other hand, the application of our presented technique de-
pends on acquisition of L-band SAR data. The ALOS-2 was launched on
May 24, 2014, and the L-band Synthetic Aperture Radar-2 (PALSAR-2)
aboard ALOS-2, using the 1.2 GHz frequency range, will have a spotlight
mode (1 to 3m) and ahigh resolutionmode (3 to 10m) (JapanAerospace
Exploration Agency, 2013). It would be beneﬁcial to increase the number
and spatial resolution of acquisitions over wetland areas, and promises
the future applications of DSI technique on long term water depth
monitoring.
Water depth time-series can be used to estimate ecological water re-
quirements based on habitat response to water level and evaluate the
ecological performance of wetland restoration (Cui et al., 2009b; Li
et al., 2009). Ecologists can also use water depth time-series to set uprelationships between water depth and coverage and height of reed,
and then simulate spatial distribution of various habitats for various
water depths. Meanwhile, wetlands management for water birds com-
monly involves manipulation of water depth, and water depth has
strong effect on densities of bird and plant species in wetlands
(Colwell & Taft, 2000; Cui et al., 2010; Jackson & Colmer, 2005;
Laitinen, Rehell, & Oksanen, 2008; Seabloom et al., 1998). Based on de-
rived long term high spatial resolution maps of water depth, ecologists
can measure a wetland's biological and functional integrity. Thresholds
for water depths, which are supposed to maintain wetlands in the best
quality to comply with ecological management goals, can be deter-
mined by quantitative comparison.
7. Conclusion
Temporal decorrelation seriously limits the application of Permanent
Scatterers technique for estimating long term hydrological information,
which is vital for ecologists to evaluate the ecological performance ofwet-
land. To overcome the limitation, we develop a new distributed scatterer
technique, which fully utilizes InSAR stack data by forming an optimum
interferogram network, and implements spatial adaptive ﬁltering to re-
duce noise and enhance fringe visibility on distributed scatterers. With
stage data for calibration, we derived water level time series from InSAR
observation and easily transformed them towater depth. Thehigh resolu-
tion map of water depth thus obtained facilitates crucial information to
determine ecological water requirement for wetlands and manage wet-
lands efﬁciently.
Water depth directly inﬂuences the distribution, growth and suit-
ability of speciﬁc species. Water depth time series can be used to ana-
lyze ecological characteristics of plant communities under different
hydrological conditions. With water depth time-series, we can set up
relationships between water depth and distribution of various habitats,
and calculate optimum water level to keep the wetland ecosystem in
suitable and desired conditions. It allows us to make well-informed
decisions in the process of management of wetlands, leading ultimately
to the improvement in maintenance of ecosystems and thus to sustain-
able development of wetlands.
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Appendix A. Water level retrieval using an L1 norm based SBAS
technique
We retrieve water level changes from the ﬁltered interferograms
using an L1 norm based SBAS technique. Each of the differential inter-
ferograms is unwrapped and all coherent pixels are referenced to one
pixel with a known water level. The interferogram network forms the
following system of equations for every coherent pixel:
BΔh ¼ CΔϕþ Δh0 þ n ð7Þ
whereC ¼ λ4π cosθinc, andΔϕ is the vector of unwrapped differential inter-
ferometric phase values after the spatial adaptive ﬁltering. B, described
in detail in Berardino et al. (2002), is the matrix deﬁning the formed
optimal interferogram network; Δh is the vector of unknown relative
252 C. Xie et al. / Remote Sensing of Environment 164 (2015) 238–253water level changes on coherent pixel (x, y) between time-adjacent
acquisitions, and Δh0 is relative water level changes on reference stage
station. n represents noise term including contributions from topographic
errors, atmospheric noise, and orbit error. Since the wetland areas are
generally ﬂat (elevation varies from 0 to 5 m), the effects of topographic
errors from the DEMwere negligible. Orbit errors (that translate in linear
phase fringes across the interferograms) can be compensated by remov-
ing perfectly linear trends from the unwrapped interferograms (Poncos
et al., 2013).
The SVD method can be utilized to obtain a minimum-norm least
squares (LS) solution (L2 norm minimization) of Eq. (7) (Berardino
et al., 2002). However, there are always several decorrelated areas, such
as open water, separating the coherent patches in coastal wetlands. This
often introduces phase unwrapping errors — phase jumps between the
different patches, and L2 normminimization often performs poorly to de-
tect these phase jumps in the unwrapped data. Instead, L1 normminimi-
zation can supply amore robust phase inversion solution, with respect to
the often occurring and difﬁcult to detect phase unwrapping errors found
in non-urban areas (Lauknes et al., 2011; Goel & Adam, 2012). In
Rodriguez-Gonzalez et al. (2011), L1 network inversion was
demonstrated for robust outlier rejection in PSI. A L1 norm solution of
water level change is given by:
Δh^ ¼ arg min
h
XM−1
i¼1
CΔϕ−BΔh−Δh0j ji
 !
: ð8Þ
In this manuscript, the algorithm proposed by Barrodale and Roberts
(1973) is used for L1 norm minimization. It is a modiﬁcation of the sim-
plex method of linear programming and is computationally efﬁcient.
Then, an additional integration step gives the water level solution.
In SBAS technique, the atmospheric effects are assumed to be totally
decorrelated with the deformation changes in time, and it can be esti-
mated and removed by carrying out a spatial low pass and a temporal
high pass ﬁltering operation. However, the atmospheric contribution
phase removal approach is not possible in the wetland application,
because the water level change and atmospheric disturbance are both
high-frequency signal in temporal dimension. Thus the ﬁnal water
level time series probably contains some degree of the atmospheric
noise (Hong & Wdowinski, 2014; Hong et al., 2010b).
The atmospheric noisewas estimatedwith the IntegratedWideArea
Processor (IWAP) at theDLRprocessing facilities. IWAPutilizesNumerical
Weather Prediction (NWP) tomitigate atmospheric effects in the PSI pro-
cessing (Adam, Gonzalez, Parizzi, & Liebhart, 2011; Rodriguez, Adam,
Parizzi, & Brcic, 2013). The atmospheric noise, estimated using IWAP,
was in the range of 1.2–4.3 cm over the study area.
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